The complex interactions between transcription factors (TFs) and their target genes in a spatially and temporally specific manner are crucial to all cellular processes. Reconstruction of gene regulatory networks (GRNs) from gene expression profiles can help to decipher TF-gene regulations in a variety of contexts; however, the inevitable prediction errors of GRNs hinder optimal data mining of RNA-Seq transcriptome profiles. Here we perform an integrative study of Zea mays (maize) seed development in order to identify key genes in a complex developmental process. First, we reverse engineered a GRN from 78 maize seed transcriptome profiles. Then, we studied collective gene interaction patterns and uncovered highly interwoven network communities as the building blocks of the GRN. One community, composed of mostly unknown genes interacting with opaque2, brittle endosperm1 and shrunken2, contributes to seed phenotypes. Another community, composed mostly of genes expressed in the basal endosperm transfer layer, is responsible for nutrient transport. We further integrated our inferred GRN with gene expression patterns in different seed compartments and at various developmental stages and pathways. The integration facilitated a biological interpretation of the GRN. Our yeast one-hybrid assays verified six out of eight TF-promoter bindings in the reconstructed GRN. This study identified topologically important genes in interwoven network communities that may be crucial to maize seed development.
INTRODUCTION
Transcription factors (TFs) exert major control over gene expression in a spatiotemporal-specific manner (Chen and Rajewsky, 2007) . All genes along with their interactions constitute a gene regulatory network (GRN) that governs specific and robust gene expression (Spitz and Furlong, 2012; Banf and Rhee, 2017) . High-throughput sequencing technologies have enabled the systematic profiling of genomes, transcriptomes and proteomes at high resolutions. It is now feasible and cost-effective to identify all gene transcripts, i.e. the nodes of GRNs, but the complex interactions (edges) of GRNs remain elusive. Experimental technologies, such as chromatin immunoprecipitation (ChIP), yeast one-hybrid (Y1H) and DNase I hypersensitivity assay, have been successfully used in determining specific TF-gene regulations (Park, 2009 ), but these experiments are often technically challenging and costly. For example, a typical ChIP-Seq experiment requires cloning the TF, designing an antibody for the TF, high-throughput sequencing and computational analysis of potential TF targets. Besides experimental limitations, these methods are not well suited for large-scale genome-wide analysis.
Transcriptome profiling via RNA-Seq measures mRNA abundance in various contexts, e.g. tissues, developmental stages, perturbations and environmental stimuli (Wang et al., 2009; Sekhon et al., 2013) . Differentially expressed genes (DEGs) are normally detected in multiple conditions by computational pipelines, followed by functional analysis of the DEGs (Trapnell et al., 2012) . A common practice in the analysis of microarray and RNA-Seq data is to create gene co-expression networks using weighted gene correlation network analysis or WGCNA (Stuart et al., 2003; Langfelder and Horvath, 2008; Zhao et al., 2010; Yang et al., 2014; Schaefer et al., 2017) . In these networks, the strength of connection between two genes is determined by their expression correlation. Therefore, gene co-expression networks represent only the similarities in gene expression profiles and not the cause of the relationship (De Smet and Marchal, 2010) . The nonlinear dynamics of gene regulation, which contributes to the robustness of gene expression to small perturbations and evolvability in response to large perturbations (Steinacher et al., 2016) , cannot be fully captured using only gene expression similarities, however (Hill et al., 2016; Zanudo et al., 2017) . Relationships in GRNs, on the other hand, represent direct TF-gene regulations. Given large enough sample sizes, GRNs can be inferred computationally based on gene expression profiles in time series or under different biological/environmental conditions (Markowetz and Spang, 2007; Karlebach and Shamir, 2008; Hill et al., 2016; Serin et al., 2016; Banf and Rhee, 2017) . Data noise, limited sampling rate, nonlinear regulation and combinatorial regulatory effects cause even state-of-the-art GRN methods to suffer from high false-positive rates, however, for even relatively simple systems like Escherichia coli and yeast (Marbach et al., 2012; Serin et al., 2016) . This inaccuracy greatly hinders extensive GRN-based applications.
Recent studies of global network structure and topology combined with biological context have led to valuable insights into complex life processes (Barabasi and Oltvai, 2004; Karlebach and Shamir, 2008; Mitra et al., 2013; Walley et al., 2013 Walley et al., , 2016 Gaudinier and Brady, 2016; Siahpirani and Roy, 2017; Zanudo et al., 2017) . For instance, a genomic analysis of regulatory network dynamics in Saccharomyces cerevisiae has shown that environmental stimuli and cell cycles can cause distinct network responses (Luscombe et al., 2004) . Our previous work on the popcorn inbred N04 proteomes (Dong et al., 2015) and the salt-tolerant Populus euphratica (Chen et al., 2017) integrated pathways with differentially expressed proteins and genes in different developmental stages, tissues and treatments, thereby underlining the roles of key proteins/genes.
Like all 'small-world' networks, biological networks can be highly clustered, yet the average characteristic path length is small (Watts and Strogatz, 1998) . Different approaches were proposed for partitioning networks into communities (Palla et al., 2005; Adamcsek et al., 2006; Mitra et al., 2013) . Complex networks in nature and society exhibited nested and overlapping structures of network communities (Palla et al., 2005; Adamcsek et al., 2006) . Existing tools for network construction and analysis have different strategies and assumptions. Their strengths and limitations result in complementary interpretations of networks (De Smet and Marchal, 2010) . Despite successful attempts in mapping network dynamics to biological processes, a question on a systemic level remains unanswered: how to pinpoint the most important genes (nodes) or influencers in a complex biological process?
The seed of crop species carries enormous economic, agricultural and nutritional value. Zea mays (maize) seed has been extensively studied because of the long cultivation history and the unique genetic characteristics of the maize species. Maize seed development involves tens of thousands of expressed genes throughout different developmental stages (Liu et al., 2008; Teoh et al., 2013; Doll et al., 2017) . Chen et al. (2014) painted a dynamic transcriptome landscape of maize embryo and endosperm development. The expression intensity of 26 105 maize B73 genes, expressed in 78 different conditions, ranging from early to late developmental stages, was measured from RNA-Seq profiles. Spatially, maize seed is composed of different compartments characterized by specialized cell types. Zhan et al. (2015) studied gene expression patterns in 10 maize kernel filial and maternal compartments using laser-capture microdissection and RNA-Seq. They found genes that expressed exclusively in single compartments and provided a high-resolution atlas of gene expression in differentiating endosperm and maternal compartments.
Here we use maize seed development as a model system to identify a few crucial genes without making any assumptions of gene importance from prior studies (Chen et al., 2014; Zhan et al., 2015) . First, using a context likelihood of relatedness (CLR) algorithm (Faith et al., 2007) , we reconstructed a GRN from 78 maize endosperm and embryo transcriptome profiles from early, middle and late developmental stages (Chen et al., 2014) . Then we identified 15 highly interwoven network communities as the building blocks of the GRN. One community consists of mostly unknown genes interacting with the well-studied opaque2, brittle endosperm1 and shrunken2 genes. Their tight interactions may contribute to various kernel phenotypes. Another community, with a surprising 83% of genes expressed in the basal endosperm transfer layer (BETL), is responsible for nutrient transport in the seed. We also integrated the GRN with gene expression patterns in different seed compartments (Zhan et al., 2015) , gene imprinting patterns (Zhang et al., 2011; Xin et al., 2013) , developmental stages (Chen et al., 2014; Li et al., 2014) and pathways (Kanehisa et al., 2016) , so as to elucidate in high-dimensional context the network hubs, non-TF genes with high collective influence and previously unreported target genes of TFs. To validate our network, we verified a subset of predicted TF-gene bindings with Y1H assays and published ChIP-Seq data (Li et al., 2015) . This study unveils specific genes and functional groups through communities working collaboratively in spatial and temporal patterns that are crucial to maize seed development. (Hereafter we use 'NS genes' or 'genes newly associated with maize seed' to denote genes that have not been previously associated with maize seed development, and 'genes' for both non-TF genes and TFs.)
RESULTS
We inferred a GRN following the steps in the CLR algorithm (Faith et al., 2007) . First, we calculated mutual information (MI) values between any two genes using the gene expression intensities from the published spatiotemporal maize seed RNA-Seq profiles of 78 samples from embryo, endosperm, whole seed and other tissues (Chen et al., 2014) . Gene expression levels were discretized into 10 bins using the cubic B-Spline function (Daub et al., 2004) to calculate a marginal entropy for each gene and a joint entropy for each pair of genes. Then we assigned an edge between a TF and a non-TF gene or TF if the z-score of their MI was above a threshold of 5 among all potential targets and regulators. The GRN is essentially an undirected acyclic graph, where nodes are genes and the degree of a node is the number of edges by which the gene is connected to its targets and/or regulators. Out of the 26 105 genes expressed in the maize seed (Chen et al., 2014) and 524 814 920 (26 105 9 26 104) potential edges, we created a GRN that contains 10 932 genes (nodes) and 48 740 interactions (edges) using an MI z-score threshold of 5 in order to strike a balance between prediction power and accuracy (Appendix S1). The largest connected component of the GRN has 96% (10 530) nodes and 99% (48 447) edges, which suggests tight interactions among all genes involved in maize seed development. In the GRN, most genes interact with no more than 10 other genes, whereas only 7.8% (2030) of all the expressed genes interact with more than 10 other genes, indicating a sparse nature of the GRN.
Highly interwoven network communities
We demonstrate a global view of the collective gene interaction patterns that otherwise would be impossible to identify by individual experiments or studies of a small number of interactions between genes. The community size (i.e. the number of genes included in a community) and community count are determined by both the MI threshold and the clique size k (a k-clique is a complete graph of k fully connected nodes). We identified 15 network communities consisting of 2393 genes (Figure 1 , high-profile communities in Table S1 ; all communities listed in Appendix S2 and Table S2 ). The details of the genes shown in Figure 1 are included in Appendix S3 in CYTOSCAPE format (Smoot et al., 2011) . These communities are the building blocks of the GRN because of their tight interactions and topological significance. The genes in the communities, integrated with annotations, elucidated the complex genetic control of maize seed development.
We obtained two large communities named Pheno_ Community and BETL_Community (MI ≥ 6 and k = 5) that contained 308 and 127 nodes, respectively (top two communities centered around gray circles in Figure 1 ). The Pheno_Community comprises 30 TFs and 278 non-TF genes, most of which (at least 73% or 224 genes) had not been reported to be functionally associated with maize seed development. There are 211 (69%) endosperm-specific genes and 97 (31%) genes with no tissue specificity in the Pheno_Community. All of the genes in the Pheno_Community have at least 12 interactions with others. The top 10 genes with the most connections all belong to the Pheno_Community. Hyperconnected genes normally peaked in the middle stage of development. There are 19 paternally expressed genes (PEGs) and 12 maternally expressed genes (MEGs), seven of which are TFs, each connecting to more than 150 other genes. Imprinted genes from paternal and maternal origins tend to have positive and negative effects on offspring growth, respectively (Wilkins and Haig, 2003; Patten et al., 2014) , and they express primarily in the endosperm of angiosperm species (Zhang et al., 2011) . In terms of expression intensities, no imprinted genes peaked in the late stage, four MEGs and eight PEGs peaked in the early stage, and eight MEGs and 11 PEGs peaked in the middle stage. Besides most NS genes, the well-studied 19 zein genes, opaque2, shrunken1, shrunken2 and brittle endosperm1 also belong to the Pheno_Community, which suggests a role of this community in affecting visible maize seed phenotypes (Figure 1 ). The 19 expressed zein genes are: Z1B-1-4, Z1B-1-6, gz50, Z1C-1-14, Z1A-1-6, Z1D-4, Z1D-2, Z1A-1-3, Z1A-1-7, Z1A-1-2, Z1C-1-10, Z1C-1-13, zp15, Z1C-1-5, dzs18, floury2, Z1A-2-2, 16-kD gamma-zein and Z1A-2-1 (numbered nodes in Figure 1 ). Interactions between opaque2 and its target genes in the Pheno_Community cover direct zein gene targets (Vicente-Carbajosa et al., 1997) . The organization of the Pheno_Community provides insights into the complex regulation cascades and genes working in coordination with known genes, and into the mechanism of gene imprinting and its impact on offspring growth.
The BETL_Community has a surprisingly high number of genes (102 out of 127) expressed in the BETL compartment (see special arrangements of BETL and other nine compartments of the maize seed in Figure S1 ). Most genes (at least 72% or 91 genes) have not been associated with maize seed development. Among the 15 TFs in the BETL_Com-munity, 13 are expressed exclusively in the BETL compartment. A TF GRMZM2G167576 in the aleurone and a TF GRMZM2G052499 in the conducting zone (CZ) work with 13 other BETL TFs regulating the non-TF genes. All TFs peaked in the early stage, three also expressed in the middle stage and none expressed significantly in the late stage. The most connected non-TF gene GRMZM2G028129 in BETL_Community is a NS MEG expressed in the pedicel compartment at all stages. Out of all the 127 genes in the BETL_Community, 117 peaked in the early stage and none peaked in the late stage, suggesting an important role of the BETL_Community in initiating early regulations in the BETL compartment and coordinating genes in other compartments. Among the 11 genes in the BETL_Commu-nity that have no compartment preference, nine have not been associated with maize seed development, including three PEGs (GRMZM2G103164, AC209624.2_FG003, AC209624.2_FG001) and six regular genes (GRMZM2G118191, GRMZM2G406552, AC232321.1_FG008, GRMZM2G034651, GRMZM2G053622, GRMZM2G080199) peaking in the early stage.
The network communities exhibit a hierarchical nature: that is, a big community normally consists of a few more closely related small communities (Table S2 ). When using thresholds of MI ≥ 7 and k = 7, we obtained two high-profile communities named Core_Pheno and Core_BETL, containing 44 (24 unreported) and 41 (29 unreported) genes, respectively, that stand out from the rest of all expressed genes in terms of conducting information and tight interactions (big color nodes on top left and top right of Figure 1 ; Figure S2 ; Table S1 ). The Core_Pheno and Core_BETL communities consist of 86% (38) and 93% (38) endospermspecific genes, respectively. Interestingly, there are no Interwoven network communities as building blocks of gene regulatory network in maize seed development. Topological analysis uncovered 15 network communities (big grey circles) in which genes are almost fully connected with each other. Genes exclusively in one community are centered around and connected to the community, whereas genes shared by multiple communities are placed between and are connected to the communities that they belong to. Communities with fewer than 30 genes are listed in Appendix S2. Interactions between transcription factors (TFs, color triangles) and non-TF genes (small color circles) of the Core_Pheno and Core_BETL communities are shown in Figure S2 . Color codes indicate the peak expression of genes during developmental stages (for details, see developmental stage score calculation in Experimental procedures): red, early stage; green, middle stage; blue, late stage; pink, early and middle stages; cyan, early and late stages; light blue, middle and late stages; black, all stages. The 19 expressed zein genes, labeled with numbers from 1 to 19, are: Z1B-1-4, Z1B-1-6, gz50, Z1C-1-14, Z1A-1-6, Z1D-4, Z1D-2, Z1A-1-3, Z1A-1-7, Z1A-1-2, Z1C-1-10, Z1C-1-13, zp15, Z1C-1-5, dzs18, floury2, Z1A-2-2, 16-kD gamma-zein and Z1A-2-1, respectively. The details of the genes shown in Figure 1 are included in Appendix S3.
genes found 'in embryo exclusively' or 'in all seed tissues' for these two communities. Most genes (39 or 89%) in Core_Pheno peaked in the middle stage of development. Genes in Core_Pheno have no expression preference in any seed compartment, but they do show a higher enrichment of imprinted genes (seven MEGs and nine PEGs), including six NS MEGs (GRMZM2G169695, GRMZM2G170099, GRMZM2G041065, GRMZM2G124708, GRMZM2G071808 and GRMZM2G130580) and six NS PEGs (GRMZM2G093947, AC208539.3_FG002, GRMZM2G164314, GRMZM2G043417, GRMZM2G047104 and GRMZM2G479318), all peaking in the middle stage. Besides opaque2, shrunken2 and brittle endosperm1, only four of the imprinted genes in the Core_Pheno community have been characterized, including the two GATA-typed PEG TFs gata 8 and gata 33, the NAC-typed MEG TF nrp 1, and the non-TF PEG vim 104 (Zhang et al., 2011; Xin et al., 2013 ). An NS TF GRMZM2G350621 with a C 2 H 2 functional domain ranked sixth among the mostly connected genes. The nine NS nonimprinted genes (GRMZM2G021587, GRMZM5G888428, GRMZM2G014705, GRMZM2G013987, GRMZM2G038991, GRMZM5G854345, GRMZM2G010636, GRMZM2G037327 and GRMZM2G027392) all peaked in the middle stage. All 41 genes (eight TFs and 33 non-TF genes) in Core_BETL peaked in the early stage, and 34 (83%) genes (eight TFs and 26 non-TF genes) belong to the BETL compartment. We identified three NS imprinted genes, i.e. one MEG GRMZM2G112925 expressed in BETL and two PEGs (AC209624.2_FG003 and AC209624.2_FG001) with no compartment preference, which are targets of the TF mrp1. There are five MYB_related (mrp1, mybr9, mybr81, mybr19 and mybr33), one MYB (myb51), one ERF (ereb150) and one G2-like (glk12) TFs involved in Core_Pheno, among which mrp1 connects to the most genes (190 genes).
Top highly connected transcription factors as network hubs
The connectivity of a gene in the GRN is measured by the degree of that gene, which is the number of other genes it connects to and thus potentially interacts with. Genes with the highest degrees are network hubs, usually with topological importance to the network structure. The degree distribution box plot of the nodes in the 63 TF families and non-TF genes shows that most TF families have a median degree below 100 ( Figure S3 ). The degree of non-TF genes is significantly lower than TFs, as we only considered interactions between TFs and genes. The top 10 connected nodes (i.e. nodes with the highest degrees) are labeled with their gene symbols and degrees, along with other outliers that have a degree above the 1.5 interquartile range (IQR, upper whisker; Figure S3 ) of its TF family. The degree distribution of all genes shows that the top 365 nodes with the highest degrees are all transcription factors (Table S3) , including 27 previously unannotated NS TFs. The C 2 H 2 TF GRMZM2G021587, ranked sixth in the CZ compartment, is a member of Core_Pheno. Another C 2 H 2 TF expressed in the aleurone compartment, GRMZM2G114660, ranked 26th. Network hub NS TFs mainly contain the C 2 H 2 and bHLH domain. The Dof family pbf1 TF (GRMZM2G146283) corresponds to the node with the highest degree (446) and interacts with 33 TFs and 413 non-TF genes. The well-studied opaque2 gene, crucial to maize seed development, ranked 10th in the absence of any prior knowledge of its biological significance.
Network hubs regulate more genes than other TFs. In our GRN, the top 10 nodes with highest degrees are TFs (large blue and red circles with numeric labels, Figure 2 ): four are in the central starchy endosperm (CSE), two are in the CZ, one is in the embryo-surrounding region (ESR) and the remaining three are not compartment specific. These 10 hubs directly connect to 38 TFs (dark blue) and 593 non-TF genes (light blue and red). The CSE compartment contains four network hubs, including the opaque2 TF (large red circle). Zein genes (small red circles) encoding starch storage proteins are also direct targets of the network hubs. In the CSE compartment, three zein genes (27-kDa zein protein, 15-kDa beta-zein and 16-kDa gamma-zein), brittle endosperm1, shrunken1 and shrunken2 are directly connected to the known pbf1, ereb167, nactf130, o2, myb127 and scl1 network hubs (degree ranked 1st, 4th, 5th, 10th, 12th and 13th, respectively).
It has been proposed that the maize prolamin box (P-box) binding factor PBF1, containing a zinc-finger DNA binding domain, and present exclusively in endosperm, can bind the 27-, 22-and 19-kDa zein gene promoters by serving as a 'recruiter' of class-specific transcription factors (Vicente-Carbajosa et al., 1997). Our network analysis provides 33 potential 'partner' TFs that PBF1 may have recruited, including OPAQUE2 that also directly regulates zein genes, and two unknown TFs (GRMZM2G021587 and GRMZM2G114660) also with a C 2 H 2 zinc finger domain. Our results also show that 20 different zein genes are directly regulated by PBF1, including the 27-kDa zein gene that has the highest binding affinity to PBF1. We confirmed that all the 20 zein genes are functional copies with transcript-level evidence. PBF1 exists preferentially in the CSE compartment, together with the three zein genes that it regulates. The remaining 17 target zein genes, although not in the CSE, are also endosperm specific. Besides the zein genes and 'partner' TFs, PBF1 directly interacts with 343 NS non-TF genes and 50 non-TF genes with gene symbols, including genes responsible for seed phenotypes, e.g. shruken1, shruken2, brittle endosperm1, brittle endosperm2 and waxy1.
The widely studied OPAQUE2 TF, known to be important to the maize endosperm, was ranked 10th as a GRN hub. The same set of 20 zein genes related to pbf1 is also regulated by opaque2. Six of them (GRMZM2G160739, GRMZM2G044152, AF546188.1_FG003, GRMZM2G086294, GRMZM2G138727, and GRMZM2G138689) are direct targets validated by ChIP-Seq and RNA-Seq experiments (Li et al., 2015) . The myb-like mybr13 TF in the CSE and the pdk2 non-TF gene in the aleurone are also verified (Li et al., 2015) . The GRN also identified 73 previously unreported putative opaque2 target genes by applying a stringent MI z-score threshold of 7 (Table S4) . . Network hubs regulating genes in different compartments. The top 10 highly connected network hubs are all transcription factors (big blue and red circles), which regulate other genes (small circles) in the pedicel (PDE), placento-chalazal region (PC), basal endosperm transfer layer (BETL), conducting zone (CZ), central starchy endosperm (CSE), embryo-surrounding region (ESR), aleurone (AL), nucellus (NU) and pericarp (PE). For all circles, blue represents transcription factors (TFs), light blue represents non-TF genes and red represents well-studied genes related to maize seed phenotypes. Opaque2 (big red circle) is ranked the 10th network hub.
Genes with high collective influence
The identification of network hubs can be easily done by ranking all nodes by their degrees, as shown in the previous sections; however, nodes that have few connections but are crucial to the integrity of the network are extremely difficult to uncover. Here we introduce the concept of weighted collective influence (WCI), defined as the product of the node's reduced degree and the sum of the reduced degrees of the nodes that are on the edge of a certain radius (Morone and Makse, 2015) . Nodes with high collective influence are the 'influencers' in a network, the removal of which would cause full disintegration of the network (Morone and Makse, 2015) . As our GRN is weighted, it is sensible to calculate WCI for all genes (Experimental procedures). We have shown that the genes with high degrees are primarily TFs, which actively regulate other genes. Meanwhile, the non-TF genes with high WCIs are equally important as the TFs because their gene products actually carry out various biological functions.
We calculated the WCI values for all the genes in the network (Table S3) . Surprisingly, the top five non-TFs with the highest WCIs have not been studied (rectangles in Figure 3) . Among these five endosperm-specific genes, GRMZM2G053177 and GRMZM2G126302 are expressed in CZ, GRMZM2G704349 is expressed in ESR and GRMZM2G449489 are expressed in the BETL compartment. The gene GRMZM2G449489 is also a paternally expressed gene. The top five non-TF genes are directly regulated by a group of 46 TFs, of which 31 are endosperm specific and 15 are not seed specific. The top four genes peaked in the early stage, the fifth gene peaked in the middle stage and none peaked in the late stage. It is worth noting that the top 19 high-degree TFs (or network hubs) are also the direct regulators of these five non-TF genes. The top 100 non-TF genes with high WCIs also coincide with 31 (24 imprinted) out of the 33 non-TF genes in Core_Pheno. The 14 imprinted genes with high WCIs carry extra weight compared with other genes because of their presence in the high-profile Core_Pheno community as well (seven MEGs -GRMZM2G062650, GRMZM2G169695, GRMZM2G041065, GRMZM2G170099, GRMZM2G124708, GRMZM2G071808, GRMZM2G130580; seven PEGs -GRMZM2G324131, GRMZM2G048850, GRMZM2G093947, GRMZM2G164314, AC208539.3_FG002, AC191534.3_FG003, GRMZM2G047104).
Temporal TF-gene regulations in pathways
Our GRN is a collection of TF-gene regulations occurring at different time points and tissues. Gene expression can vary greatly in different components of the GRN. This variation intertwined with network topology and regulatory pathways reflects the dynamics of the transcriptional regulations in maize seed development. Based on a previous study identifying three maize seed developmental stages (Chen et al., 2014) , we calculated a developmental stage score (DSS) for each gene, ranging from 0 to 1, that indicates the exclusiveness of the gene expression in a particular stage (Experimental procedures).
Among the 15 identified network communities, a community consisting of 248 genes (C4 in mi5/k=6 in Table S2 ) has the largest diversity in temporal gene expression patterns. There are 128 pathways from the Kyoto Encyclopedia of Genes and Genomes or KEGG database (Kanehisa et al., 2016) , of which the plant hormone transduction (path:ko04075) and plant-pathogen interaction (path: ko04626) contain the most genes, four and three, respectively (Figure 4 ). Temporal snapshots of the early and late stages of the GRN with pathways uncovered an important TF ereb198 (GRMZM2G055180), an ethylene-responsive transcription factor 2 of the ERF2 family, which expresses in all three stages and regulates genes involved in many pathways (Figure 4a,b) . The ereb198 gene participates in the plant hormone transduction pathway, which also regulates two MAP kinases both involved in 90 pathways. The gene GRMZM2G017792, an MAP kinase 3, only expressed in the early stage, whereas GRMZM2G053987, an MAP kinase 1, expressed in both early and late stages (Figure 4a,b) . Meanwhile, most genes peaked in either early or late stages, rarely in middle stages, which is consistent with previous studies (Sekhon et al., 2011) .
Y1H assays and network evaluation
To verify the predicted TF-gene regulations, we tested by Y1H assay ) the binding affinity between eight TFs and promoters from our predicted GRN, and between the HY5 TF and the ABI5 promoter from Arabidopsis as a positive control. Six out of eight TF-promoter pairs showed significant binding affinities as compared with negative controls. The bde1 or bearded-ear1 TF (GRMZM2G160565) was confirmed to bind the promoters of GRMZM2G159397 and GRMZM2G417835 (Figure 5b ). The bde1 TF is a MADS box transcription factor, critical to floral development (Mendes-Moreira et al., 2015). The newly confirmed target gene GRMZM2G417835 is expressed mainly in the pedicel compartment. The mrp1 TF, with the highest degree in the Core_BETL community, was confirmed to bind the promoters of GRMZM2G341010 and GRMZM2G054359, but not AC196417.3_FG008 (Figure 5c ). All three tested target genes are from the BETL compartment. GRMZM5G803355, an as yet uncloned MYBtype TF, was confirmed to bind GRMZM2G054632 and GRMZM2G395247, but not GRMZM2G053622 (Figure 5d ). The two positive target genes are from the BETL compartment, whereas the negative one has no compartment specificity. None of the eight TF-promoter bindings have been reported previously. The Y1H assays show that our GRN can identify target genes for previously uncharacterized TFs.
We further compared our results with a previous transcriptome study of opaque2 mutants using RNA-Seq and opaque2 binding targets via ChIP-Seq (Li et al., 2015) . That study identified 35 opaque2-modulated genes by overlaying the RNA-Seq and ChIP-Seq data. Taking these 35 genes as direct opaque2 targets, we generated receiver operating characteristic (ROC) and sensitivity-versus-specificity curves ( Figure S4 ), which are commonly used to evaluate a prediction model. The ROC curve shows the variation of true-positive rate (TPR) versus false-positive rate (FPR).
DISCUSSION
There are many relevance-based methods for the reconstruction of GRNs from microarray and RNA-Seq data. Gene co-expression networks showed great promise in finding functionally associated gene pairs by measuring pairwise gene expression similarities; however, the most widely adopted gene correlation cannot account for nonlinear dependence between genes or causal TF-gene regulations (Markowetz and Spang, 2007; De Smet and Marchal, 2010) . Mutual information facilitated the quantitative measurement of the natural signal transmission between genes in different conditions and pathways (Uda et al., 2013) . Unlike gene co-expression networks, mutual information- based GRN inference seeks to map direct TF-gene regulations and causal relationships between genes.
The interpretation of networks on a systematic level is the key to understanding complex cellular processes (Barabasi and Oltvai, 2004; Karlebach and Shamir, 2008) . It is the topological context of genes in GRNs that determines the importance of genes (Hasty et al., 2001; Stuart et al., 2003; Barabasi and Oltvai, 2004) . Genes can be clustered into network communities depending on the way that they interact. Most network clustering methods assume a static structure and thus result in non-overlapping gene communities in hierarchies (Girvan and Newman, 2002) ; however, communities of complex networks are not necessarily exclusive (Palla et al., 2005) . In particular, the expression trajectories of genes can vary greatly in different tissues or at different developmental stages. This dynamic nature results in some genes functioning in multiple communities. The variation of community numbers and sizes under different resolutions indicates an intrinsic gradient strength distribution of communities in terms of information passing and tight interactions. The communities with strongest TF-gene interactions persist even in the highest network resolution defined by the most stringent parameters. The two such communities that we discovered (i.e. Core_Pheno and Core_BETL) are crucial to the network in terms of sustaining network integrity and serving as major information channels. Genes shared by multiple communities are of particular interest in the sense that they participate actively in at least two tightly coupled communities. For instance, the viviparous1 TF with a conserved B3 domain, known to be involved in the maturation program in seed development, abscisic acid signal transduction pathways and vivipary control (McCarty et al., 1991; Suzuki et al., 1997) , is shared by two small communities (bottom right, Figure 1 ) that primarily consist of endosperm-specific genes and a few genes present in both endosperm and embryo, which may relate to the broad pleiotropic effect of vp1 in embryo and aleurone (Dooner, 1985) .
Integrating network communities with spatiotemporal patterns and the annotation of genes maximizes our understanding of maize seed development. Most genes in the Pheno_Community were expressed throughout development. The genes in the Core_Pheno and Pheno_Commu-nity may coordinate maize seed development globally in collaboration with genes in other communities. In contrast, the BETL_Community shows a strong preference for genes expressed in the BETL compartment. Previous studies show that BETL is one of the compartments of the maize kernel (Zhan et al., 2015) , which, as a transfer cell layer, transports nutrients from the maternal tissue to the inner endosperm cells (Sabelli and Larkins, 2009) . We hypothesize that the genes in the BETL_Community work in concert with each other to carry out the main function of nutrient transport, and thus have a more important role than other genes expressed in the BETL compartment. There are nine MEGs in the BETL_Community, including seven known loci (meg1, meg2, meg3, meg6, meg11, meg13 and meg15), again, suggesting a potential role in Figure 5 . Yeast one-hybrid (Y1H) assays of predicted transcription factor (TF)-gene regulations. Our Y1H assays show eight TF-promoter binding affinities from the GRN, with one positive control. Tests were constructed with TFs fused into the pB42AD vector (bottom rows labeled with AD-TF), whereas negative controls were constructed without the presence of corresponding TFs (top rows labeled with AD only). Valid binding between a TF and a gene promoter was verified only if the test exhibited a blue color and the respective negative control exhibited no such blue color. (a) HY5 was verified to bind the promoter of FHY1-B by Y1H assay in Arabidopsis , and was used as a positive control. (b) BDE1 was verified to bind the promoter of GRMZM2G159397 (BDE1-p1) and GRMZM2G417835 (BDE1-p2). (c) MRP1 was verified to bind the promoter of GRMZM2G341010 (MRP1-p1) and GRMZM2G054359 (MRP1-p2), but not AC196417.3_FG008 (MRP1-p3). (d) MYB51 was verified to bind to the promoter of GRMZM2G054632 (MYB51-p1) and GRMZM2G395247 (MYB51-p2), but not GRMZM2G053622 (MYB51-p3).
maternal nutrient allocation to the offspring. We found six MYB_related and one MYB TFs that we think work closely with the MEGs in nutrient transport, including the mrp1 TF (GRMZM2G111306) known to transform aleurone cells into endosperm transfer cells and to be required to maintain transfer cell phenotype (Gomez et al., 2009) . We speculate that the 25 genes in other compartments of the seed (two in the aleurone, one in the conducting zone, nine in the embryo-surrounding region, one in the placento-chalazal region, one in the pedicel and 11 with no specific compartment preference) function together with BETL genes as a wire frame that is responsible for endosperm nutrient transport. In addition, our integrated analysis of temporal TF-gene regulations in pathways led to the discovery of an NS gene ereb198. We believe that ereb198 plays a crucial role in coordinating ethylene responses throughout all stages in maize seed development. It is worth noting that orthologs related to ethylene responses are found in Arabidopsis, Solanum dulcamara and Hevea brasiliensis (Ohta et al., 2000) . Thus, implications of this integrated analysis of network communities can extend to other systems and help biologists to identify key genes involved in various biological processes.
The influence of a single gene, or more generally a node in the network, is measured by the number of directly connected nodes or degree. But less connected nodes can be more important than highly connected nodes (Zheng et al., 2015) . We designed the WCI to measure the collective influence of a gene based on its topological context in the GRN. The non-TF genes with high WCIs tend to be regulated by the top network hubs. WCI assists in identifying the most important non-TF genes, even though their degrees are smaller than the network hubs, which shows that WCI complements degree-based analysis. The network hubs and high-influence non-TF genes collaborate through cascades of genetic controls and affect seed phenotypes.
Although reconstruction of a GRN in an organism with more than 20 000 genes is bound to have errors, we did verify several of our predicted TF-gene interactions. The Y1H assays showed that six of eight TFs bound to the promoter regions of their target genes. Among them, neither the TF GRMZM5G803355 nor its verified targets had been previously cloned or reported. We also estimated the prediction power of our regulatory network based on a ChIP-Seq study of opaque2 targets ( Figure S4) . A balance between prediction sensitivity and specificity can be achieved by examining the ROC curve. For instance, we can get a 71% TPR at the cost of a 23% FPR. Interestingly, the b-32 gene (Lohmer et al., 1991) , a target of opaque2, which was missed by the ChIP-Seq study (Li et al., 2015) , was detected as a direct opaque2 target with an MI z-score of 5.5 in our GRN. This suggests that our robust method can predict direct TF target genes that are difficult to detect by wet-lab tests. By applying a more stringent threshold of 7, we identified a set of 71 potential opaque2 target genes.
Using maize seed development as a model system, we reconstructed a GRN from only transcriptome profiles, identified topologically significant network communities in the GRN, and highlighted important genes based on their network properties. The high-profile network communities uncovered previously reported genes responsible for various seed phenotypes and many genes that have not been functionally associated with maize seed development. Integrated with multi-dimensional gene annotations, our results can guide researchers to narrow down genes of interest in a given biological context, and to further investigate these genes on a fine scale. More generally, our integrative approach could be applied to pinpoint the few master genes from tens of thousands of genes involved in a complex biological process using transcriptome RNA-Seq profiles sampled under various conditions.
EXPERIMENTAL PROCEDURES Gene regulatory network inference
The data to infer the gene network is the spatiotemporal maize seed RNA-Seq profiles with a total of 26 105 genes from 15 embryo, 17 endosperm, 21 whole seed and 25 other tissue samples (Chen et al., 2014) . The workflow of the network inference adopts the CLR algorithm (Faith et al., 2007) . All gene expression levels were discretized into 10 bins using the cubic B-Spline function (Daub et al., 2004) to calculate a marginal entropy value for each gene. We then calculated the joint entropy value and the MI by subtracting both marginal entropy from the joint entropy for every pair of genes (26 105 ✕ 26 104 pairs), and estimated a joint distribution of the z-scores of an MI<i, j> from all the background MI values in the i-th row and j-th column with a symmetrical matrix of MI, where the MI<i, j> is the MI value between gene i and gene j. The resultant network contains 10 932 genes (nodes) and 48 740 interactions (edges) using a z-score threshold of 5 in order to strike a balance between prediction power and accuracy (Appendix S1). The largest connected component of the network, which has 96% nodes and 99% edges, was selected for subsequent network analysis.
Network community analysis
We employed a universal approach to distill the interwoven network communities, which allows overlapping nodes among communities, unlike existing divisive and agglomerative methods (Palla et al., 2005) . The community size and the number of communities are determined by both the MI score and the number (k) of fully connected graph components (k-clique) that constitute a community. The network communities exhibited a hierarchical organization pattern while we traversed all of the combinations of MI from 5 to 8 and k from 3 to 10. The communities shown in Figure 1 were generated with MI ≥ 5 and k = 5 to balance the number of included nodes and the number of communities. We also broke down the largest two communities in Figure 1 to smaller communities to better illustrate the genes of interest. Appendix S3 contains the details of the genes in Figure 1 . By further applying extremely stringent thresholds, we retained the most stable and crucial interactions in the GRN, i.e. Core_Pheno and Core_BETL.
Weighted collective influence estimation
The collective influence of a node in a network was proposed in a study of influence maximization in complex networks through optimal percolation, where it is defined as the product of the node's reduced degree and the sum of the reduced degrees of the nodes that are on the edge of a certain radius (Morone and Makse, 2015) . Only the nodes on the perimeter of the 'ball-like' node cluster were considered, whereas the nodes inside the node cluster were not. Here, we modified the calculation of collective influence to account for edge weight accordingly. Instead of treating every edge equally, we normalized the edge weight to the factor of edge MI value over the z-score threshold. Hence, an edge with an MI value of 5 is weighted 1 and an edge with an MI value of 10 is weighted 2. The WCI compensates for stronger interactions that are more stable or more important than the average.
Developmental stage score calculation
To quantify the exclusiveness of gene expression in the early, middle and late stages (Chen et al., 2014; Li et al., 2014) , we calculated for each gene a DSS ranging from 0 to 1 in each stage that indicates the exclusiveness of the gene expression in that stage. We normalized gene expression intensities for all time points of only the embryo, endosperm and whole-seed samples. Based on previous morphological observations and clustering analysis, we considered early stage as samples from En6, En8, S0, S2, S3, S4, S6 and S8; middle stage from Em10, Em12, Em14, Em16, Em18, Em20, En10, En12, En14, En16, En18, En20, En22, En24, En26, En28, En30, En32, En34, S10, S12, S14, S16, S18, S20, S22, S24, S26 and S28; and late stage from Em22, Em24, Em26, Em28, Em30, Em32, Em34, Em36, Em38, En36, En38, S30, S32, S34, S36 and S38 (Em, embryo; En, endosperm; S, whole seed). Numbers are days after pollination or DAPs). The DSS of a gene in one stage is the relative expression level of the gene in that stage compared with the maximum expression level in all stages. A gene is considered expressed only if its DSS is no less than 0.5. A gene is considered exclusively expressed in a stage when its DSS scores in two other stages are below 0.5.
Verification of TF-promoter binding by Y1H assays
We constructed the plasmids for the Y1H assay using pB42AD and pLacZi vectors (Clontech, https://www.clontech.com). The coding sequence of three TFs, mrp1, bde1 and a previously uncloned TF GRMZM5G803355 (MYB51 type TF), were selected and fused into the pB42AD vector. Negative controls were constructed without TFs or target genes. And one positive control was constructed with the HY5 TF and ABI5 gene promoter, as their binding has been confirmed in Arabidopsis. For each TF, we selected two candidate target genes of which the promoter sequences (from -2000 to -1 bp of the genomic sequence) were constructed into the pLacZi vector individually. The plasmids of AD-HY5 and FHY1p-B: LacZ were previously generated. The AD fusions and the corresponding LacZ constructs were co-transformed into the yeast strain EGY48, which was then cultured on the synthetic dropout media lacking Ura and Trp. After 3 days at 30°C, the grow-up strains were transferred to proper dropout plates containing 5-bromo-4-chloro-3-indolyl-b-D-galactopyranoside for blue color development. Yeast transformation and culture medium preparation were conducted as described in the Yeast Protocols Handbook (Clontech).
In-silico verification of opaque2 targets
A previous study identified 1605 differentially expressed genes from the transcriptome of opaque2 mutants using RNA-Seq, 1686 opaque2 DNA binding sites using ChIP-Seq and a set of 35 opaque2-modulated target genes by overlaying the RNA-Seq and ChIP-Seq data (Li et al., 2015) . We deemed these 35 genes as direct opaque2 targets (true positive), and all other genes as non-opaque2 targets (true negative). All the genes excluding opaque2 itself in maize seed development were considered potential targets of opaque2 if the MI z-score was above the thresholds. Using the ROCR R package (Sing et al., 2005) , continuous MI thresholds were applied to generate ROC and sensitivity-versus-specificity curves ( Figure S4 ), two commonly used methods to evaluate a prediction model.
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